Introduction
Leaf phenology refers to seasonal variations in leaf area, a direct constraint on carbon assimilation (White et al., 1999) and evapotranspiration (Wilson and Baldocchi, 2000) , making it essential to understanding global and regional biogeochemical cycles. Phenological cycles are highly dependent on climate and the timing and spatial patterns of phenological dates may change significantly in response to changes in climate (Morin et al., 2009; Korner and Basler, 2010) . As such, leaf phenology needs to be incorporated in global car-bon and climate models, ideally in the form of simple equations based on biological processes, with predictive capabilities. Recent work has shown that existing phenology components of ecosystem models cannot correctly capture seasonal cycles as observed in flux tower measurements and that a better understanding of phenology could improve current predictions of terrestrial systems (Richardson et al., 2012) . Here we present a global, process-based phenology model that aims to explain seasonal cycles as a function of environmental variables, based on the carbon optimality hypothesis.
The simplest method for describing the phenology component in climate and carbon models is to use prescribed budburst and senescence days (Sellers et al., 1986; Schaefer et al., 2008; Jain and Yang, 2005) . Another method is to use satellite-derived vegetation data, which is well suited for large-scale phenological studies because of its spatial and temporal coverage. Previous studies have used satellite vegetation indices, such as NDVI (normalised difference vegetation index) and EVI (enhanced vegetation index) to determine budburst dates (Ju et al., 2006; Medvigy et al., 2009) . Most of these studies use time-series techniques to determine onset and offset dates (Ludeke et al., 1996; Zhang et al., 2003) . Any such approach using prescribed dates is incapable of projecting the potential impact of climate change on phenology. The most common approach to simulate climate change effects is to use a temperature dependency, often in the form of a growing degree day model, which uses the sum of days with temperatures above a given threshold, which is often fixed (White et al., 1997; Sitch et al., 2003; Krinner et al., 2005; Knorr et al., 2010) . However, some models use a carbon efficiency approach to determine phenological cycles and patterns (Arora and Boer, 2005) .
Most of the approaches used by global-scale vegetation models are based on species level phenology, such as specific temperature thresholds, even though the spatial scales of such models can be quite coarse and one grid cell can include a mix of species and phenological types. The concept of landscape phenology was first introduced to refer to the phenological patterns captured by remote sensing data (Morisette et al., 2008; Schwartz, 1998) but it can also be applied to large-scale-modelling studies and a model that captures landscape rather than species level seasonality would be more appropriate for such large-scale models.
An alternative approach to threshold-based phenology is that used by Kikuzawa (1996) to describe leaf habit based on the assumption of an optimal carbon assimilation strategy. This is independent of the environmental limiting factor or vegetation type, making it a more general approach (Schymanski et al., 2007) . The assumption that plants are optimal and try to achieve maximum carbon gain has been previously tested both at the individual level (Ackerly, 1999; Le Roux et al., 2001) and at the ecosystem level (Niu et al., 2012) .
For cold deciduous vegetation, as occurs in temperate or boreal latitudes, the current understanding of spring phenology is that leaf budburst occurs after a given number of days with a temperature above a certain threshold (Kramer, 1994) . Other potential factors include the photoperiod (day length requirement) and a chilling requirement necessary to prevent budburst after a warm period in winter (Chuine, 2000) . Leaf senescence has been less intensely studied, but is believed to depend on either low temperatures or photoperiod (Hänninen et al., 1990; White et al., 1997; Delpierre et al., 2009) , while some studies show that this is only dependent on day length and has a fixed date (Keskitalo et al., 2005) . The effects of warming on leaf phenology are mostly considered to result in an early spring (e.g. Menzel et al., 2006, Thompson and Clark, 2008) , but estimates of the potential magnitude of this change varies widely between studies (Korner and Basler, 2010) . Also, the combination of the chilling effect and warming requirements can, in some species, lead to a late spring (Hanninen, 1990) . Some studies have argued that, because of photoperiod constraints, this earlier budburst date cannot be proportional to spring warming as a very early date, even if warm, would not have the required day length (Korner and Basler, 2010) . Furthermore, an earlier budburst date is not necessarily directly related to an increase in overall productivity, as the seasonal response can be varied and associated changes in ecosystem respiration can lead to no net change, as shown by both measurement and modelling studies (Richardson et al., 2010; Parmentier et al., 2011) .
These model parametrisations often refer only to temperate deciduous forests, ignoring the large areas of dry and moist tropical forests that are often considered to lack a seasonal cycle (Cramer et al., 2001) . Dry tropical forests and shrublands are generally thought to lose leaves during dry periods to prevent excessive water loss by plants, and leafing is often asynchronous between species and can occur during the dry season (Borchert, 1994; Reich and Borchert, 1982) . The seasonally dry phenology is often represented through either prescribed dates for leaf out and leaf off (Schaefer et al., 2008) or as a threshold of available soil water, similar to the degree day approach (Knorr et al., 2010) , but both these approaches cannot capture the more complex behaviour in these regions and cannot be used to predict future changes in phenology. Jolly et al. (2005) propose a model that uses empirical functions of temperature, day length and water availability, to describe both temperate and dry tropical phenology, but does not include any seasonal cycle for the wet tropical forests.
In the case of moist tropical forests, studies have shown that these do have a weaker seasonal cycle, with a peak in the dry season (Myneni et al., 2007) due to an increase in solar radiation, especially in areas with deep-rooted trees and sufficient water (Nepstad et al., 1994) . Caldararu et al. (2012) developed a mechanistic model of tropical leaf phenology for the Amazon Basin and showed that these seasonal changes can be described as a response to variation in direct and diffuse radiation.
In this paper we present a global process-based phenological model, building on the tropical model of Caldararu et al. (2012) , based on the hypothesis that phenology at a given location is a strategy for achieving an optimal carbon gain given the seasonal variation in light, temperature and water availability at that location. We fit this 14 parameter model globally at a resolution of 2 • latitude by 2.5 • longitude using leaf area index (LAI) data from the MODIS (Moderate Resolution Imaging Spectroradiometer) instrument (Sect. 2). We show that the model can be applied without any prior information about leaf habit (i.e. deciduous or evergreen) or biome and is able to explain and reproduce phenology at the landscape level in both temperate and tropical regions (Sect. 3). We then present the predicted LAI spatial and temporal patterns and use the fitted model to predict growing season metrics and the spatial distribution of factors which impact phenology across the globe (Sect. 4).
Data

MODIS LAI
We use LAI data collection 5 from the MODIS Terra platform. The LAI/fPAR (fraction of absorbed photosynthetically active radiation) product is available at a 1 km spatial resolution (MOD15A) for the period 2000-present and at a temporal resolution of 8 days. The data is split into 1200 km by 1200 km tiles (10 • latitude by 10 • longitude at the Equator). We use tiles for the entire globe for the chosen study (2001) (2002) (2003) (2004) (2005) and evaluation periods (available at https://lpdaac.usgs.gov/).
The MODIS LAI retrievals are based on a reflectance algorithm (known as the main algorithm) which uses red and near infrared surface reflectance, illumination geometry and an eight biome land-cover map used to obtain information on vegetation structure and optical properties and soil optical properties (Knyazikhin et al., 1999) . In cases where the main algorithm fails, LAI values are calculated using an empirical relationship between NDVI and LAI (the back-up algorithm).
The quality flags associated with the LAI product provide information on the algorithm used, atmospheric conditions (cloud and aerosol presence) and snow cover. The data quality is affected mainly by cloud cover in tropical regions and snow at higher latitudes. Preliminary data analysis and ground validation studies (Cohen et al., 2006) have shown that values obtained using the back-up algorithm underestimate LAI, especially in high LAI regions such as the Amazon Basin. Snow contaminated pixels also have low quality data. As such, we have eliminated all pixels that were derived using the back-up algorithm or were snow contaminated. We reproject all LAI data from its native sinusoidal projection to an orthogonal grid and spatially average to the GEOS 4 PAR data resolution (Sect. 2.2).
To spatially average the MODIS high resolution pixels, we need information on land-cover type. The MODIS land-cover product (MOD12Q1) provides 16 land-cover classes under the IGBP (International Geosphere-Biosphere Programme) classification. We have retained forest pixels classified as evergreen (broadleaf and needleleaf), deciduous (broadleaf and needleleaf) and mixed and also open and closed shrublands and woody savannahs. Tropical forests are classed as > 90 % evergreen, while midlatitude forests are classed mostly as mixed, with no clear differences between temperate and boreal forests. We would expect a different leaf seasonality for boreal evergreen forests, with a lower seasonal amplitude, which is not reflected in the MODIS LAI data. This issue can be caused by poor snow detection in areas that are only partly snow covered (Klein et al., 1998; Beck et al., 2006) . As such we aggregate all forest types into a mixed forest class. Since we do not have any previous information about the phenology of the different shrub land-cover types, we also aggregate all three types into a mixed shrubland class. We need to differentiate between forest and shrubs within a phenology model as the two broad vegetation types generally have different rooting depth (Nepstad et al., 1994) , which is important for describing soil water stress. This land-cover information is only used for data pre-processing and the model does not require any further information about the type of forest and its phenology type.
Environmental variables
The phenology model described in Sect. 3 requires as inputs solar radiation, surface temperature and soil moisture. We use photosynthetically active radiation (PAR) data and surface temperature from assimilated meteorological data products of the Goddard Earth Observing System (GEOS-4) (Bey et al., 2001) . The data is provided at a spatial resolution of 2 • latitude × 2.5 • longitude and a temporal resolution of 3 h, which we average to a one day resolution. To describe plant water availability within our model, we use volumetric soil moisture from the NCAR/NCEP (National Center for Atmospheric Research/National Centers for Environmental Prediction) reanalysis daily average surface flux data set (http://www.esrl.noaa.gov/psd/ data/gridded/data.ncep.reanalysis.surfaceflux.html) (Kalnay et al., 1996) , which has a spatial resolution of 2.5 • latitude × 2.5 • longitude. This is currently one of the only available global data sets of soil moisture, as soil moisture is one of the most difficult variables to measure at large scales, together with most other soil variables, as it is determined by a combination of environmental, aboveground and belowground factors. This makes the reanalysis product difficult to validate at global scales and the few existing validation studies have proved inconclusive (Cheng-Hsuan et al., 2005) .
Prior to model fitting we reproject all data onto the GEOS 4 orthogonal projection grid.
Ground-based phenology data
We use ground-based phenological measurements for model validation from the detailed record at Harvard Forest as well as measurements from a number of other flux sites (Table 1) . The Harvard Forest data set (?) contains measurements of budburst, percent leaf development (percent leaves with 75 % and 95 % area developed), leaf colouring and senescence for all woody species at the site for the period 1990-2011. We use the mean percent leaf development at 75 % and senescence over 2001-2006 for all species for comparison with our model results, which are LAI values across a larger area. Other phenological data used in this paper, obtained from the FLUXNET fair-use database, is less detailed and obtained through different types of measurements (Table 1 ).
Phenology model
We present a model of phenology based on the hypothesis that trees actively gain and lose leaves in order to achieve the maximum net carbon gain, that is, to achieve carbon optimality. We describe leaf gain and loss processes as a function of temperature, available light, soil moisture and leaf ageing. Fig. 1 presents the model structure, described in detail below.
The overall change in LAI at each time step t and location x is calculated as
where P denotes the leaf gain processes (Sect. 3.1) calculated as a function of solar radiation I 0 and LAI at the previous time step and L denotes the loss processes summed over all leaf age classes (Sect. 3.2). We fit the resulting 14 766 S. Caldararu et al.: Phenology as a strategy for carbon optimality (Tables 2 and 3) to 5 yr of MODIS LAI data (2001) (2002) (2003) (2004) (2005) using Filzbach, a Bayesian fitting algorithm (Caldararu et al., 2012) .
Leaf gain
We base the leaf gain mechanism on the tropical phenology model described in Caldararu et al. (2012) . We assume that trees add leaves in order to achieve the optimal leaf area for light absorption, in response to available PAR so that in the absence of other constraints maximum LAI will occur at the time of peak solar radiation.
We define the target LAI, LAI targ , as the optimal number of leaves that a tree will seek to achieve given a certain light level at the top of the canopy I 0 (Caldararu et al., 2012) . This is calculated as
where α is the attenuation coefficient and C is a parameter representing the light compensation point, beyond which leaves are no longer able to photosynthesise. To calculate I 0 and the attenuation coefficient throughout the year, we account for variations in solar declination angles and extinction coefficients with both latitude and day of year (Brock, 1981) . We calculate I 0 as the mean radiation over the previous p days, where p is a free parameter. To account for the effects of both direct and diffuse radiation on photosynthesis, which are particularly important in wet tropical regions (Caldararu et al., 2012) , we calculate a separate direct and diffuse target LAI and calculate the overall value as the minimum of the two. Given this target value, trees will add new leaves if their LAI is lower than LAI targ at a given time t. The leaf production P at location x and time t is then calculated as
Here the parameter gain max refers to the maximum leaf gain in a given time period and was introduced because trees have a limited leaf production rate.
To describe the role of temperature on phenology, important at higher latitudes, we include a temperature threshold of 0 • C so that the conditions for leaf gain described above are only active if the average temperature over a number of p days is above this limit.
Leaf loss
We assume that leaves are lost once the leaf becomes inefficient, that is, once the leaf assimilation is lower than its respiration and carbon maintenance cost. Depending on biome, the reason for a decrease in assimilation rate can either be a decrease in incoming solar radiation in winter (temperate regions), a decrease in water availability (seasonally dry regions) or, lacking any external constraints, simply leaf ageing (tropical regions).
In its simplest form we can describe carbon assimilation of a mature, unstressed leaf as a linear function of total absorbed PAR in the canopy, I tot , normalised by total LAI to obtain assimilation per unit leaf area:
where φ and q are parameters representing photosynthetic efficiency and overall canopy compensation point (the light (Haxeltine and Prentice, 1996) that at the canopy level for time periods of one day or longer the relationship is linear due to both the distribution of nitrogen within the canopy and the differences in A max and compensation points for leaves at different depths. As we are looking at large spatial scales over a sufficiently long time period (Sect. 2.1), we use the linear form. We calculate absorbed PAR, I tot as a function of direct and diffuse PAR at the top of the canopy (I 0 , see Sect. 3.1) and LAI, following the sun-shade model of dePury and Farquhar (1997):
where I direct and I diffuse are direct and diffuse PAR at the top of the canopy and α and β are the two equivalent extinction coefficients.
As we do not use any prior information for the magnitude of carbon assimilation or the photosynthetic rate we normalise all assimilation values by setting the maximum assimilation rate A max to one (unitless). For any values of I tot that result in a rate greater than one, we set the assimilation to A max .
Water limitation
We know that, as soil water decreases, leaves are forced to partially or fully close their stomata, in order to avoid excessive water loss through transpiration, which leads to a lower carbon uptake. We define a water adjustment factor as
where S is the water supply to the trees described as a function of soil moisture W S (see below), W max is the water level above which soil moisture has no impact on photosynthesis and f W = 1 and W min is the water level at which complete stomatal closure occurs and photosynthesis shuts down (f w = 0). For any water supply S greater than W max , f w is set to 1, while for S values lower than W min , f w is set to 0.
Both W min and W max are dependent on the existing number of leaves, as shown below. We express the water demand of a plant as the sum of the water used by the plant and the water lost through evapotranspiration and we assume that, under water stress conditions, trees adjust the number of leaves so that the water demand is equal to the soil water supply. The water available to the tree increases with soil moisture (Prentice et al., 1993) , so that the supply S is
given the two water extraction factors, s 1 and s 2 . We can express W min and W max (Eq. 6) in terms of water demand. W min , by definition, is the soil water level at which all stomata must be closed, so that there is no evapotranspiration and the water demand is equal to the water use, expressed as a function of the minimum water requirement per unit leaf area, u:
W max is the soil water from which there is no water stress, so that no stomatal control is required and water demand is equal to water use plus the maximum evapotranspiration rate per unit leaf area, :
Substituting these into Eq. (6), we calculate the water adjustment factor as a function of current LAI and soil moisture:
Leaf age effects
For each leaf age group we adjust the assimilation rate, as A decreases with age. Following the leaf loss model for tropical regions (Caldararu et al., 2012) , the age factor is for each cohort of age a: f a = min(1, exp µ(a crit −a) ), (
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Adjust assimilation for age effects
For each age a:
(1) Calculate assimilation for each age group where µ is the rate of decrease with age after a limit age a crit . The total carbon assimilation, corrected for water and age effects is then
Once this value falls below a threshold value A min , the specific age cohort is lost. We then calculate leaf loss for each age cohort LAI(x, t, a) as L(x, t, a) = LAI(x, t, a), A tot (t, a) < A min 0, A tot (t, a) ≥ A min .
Environmental limitation criteria
The fitted model parameters allow us to identify regions with a common limiting factor, i.e. light, soil moisture or leaf ageing using the three different triggers for leaf loss as follows. Light and temperature limited regions are regions where the light response assimilation A light is lower than the assimilation limit A min , while in water limited areas A light f w is lower than the limit. Age limited areas are regions where only A light f w f age is lower than the threshold. In practice, some regions will show a combination of these three limitations, in particular regions on the edge of wet tropical forests. We calculate the relative importance of these three factors by comparing the number of days in a year when any of the three conditions described above are true. For the purpose of assessing model performance for these different regions, we define a temperature and light, water and age regime as pixels where the relative importance is over 50 % for temperature and light, water and age respectively. with higher values in the deciduous eastern US and Europe. The temperate regions exhibit a higher seasonal amplitude of 1.9 m 2 m −2 (±0.4 m 2 m −2 ), equivalent to 90 % of the maximum LAI while tropical forests have a much lower amplitude of 0.9 ± 0.3 m 2 m −2 , representing only 30 % of the maximum, as expected for evergreen tropical regions.
We evaluate our results by running the model for 2006, a year that has not been used in the model fitting, to assess the predictive capability of the model. Figure 3 shows LAI time series for both the fitting and evaluation period for four major vegetation types. The model captures both the magnitude and seasonality of LAI at all four locations, with no major errors for the evaluation period. Figure 4 shows the overall model error, expressed as root mean squared error (RMSE) relative to the mean LAI for both the fitting and evaluation periods. For the fitting period (Fig. 4a ) the error is around 0.18, with higher values of up to 0.3 for shrubland regions. For the evaluation run, the RMSE is on average 0.25, slightly higher than that for the fitting period and follows the same spatial pattern, with higher values for shrublands. A direct comparison of observed and predicted mean and amplitude for the fitting and evaluation period (Figs. 6-7) shows that the model correctly captures the seasonal mean for all three different limitation regimes (R 2 = 0.99). The model LAI reproduces the observed amplitude for regions which are temperature and light limited (R 2 = 0.99) and have a less good agreement over water and age limited regions (R 2 = 0.67 and 0.71 respectively). Figure 5 shows Our model is a process-based mechanistic model and has the advantage that, in addition to capturing the observed seasonal cycle, it can be used to explore other aspects of leaf phenology such as the environmental limiting factors for leaf growth across the globe.
Growing season
The length of the growing season is a valuable indicator of changes in phenology in response to climate. The definition of the growing season varies with the type of data used, which makes ground validation of phenology models particularly difficult. For direct observations of budburst, the start of the growing season can be defined as the date of first budburst or percent of open buds and refers to single leaves. Canopy level studies report the canopy development level, often through measurements of radiation. When using satellite data, the start of the growing season at landscape scale has previously been defined using a threshold for vegetation indices or as the inflection point based on a fitted curve (White et al., 1997) . In studies which use flux tower data, the growing season is often defined as the period in which GPP is higher than respiration rates, once again at landscape level (Richardson et al., 2010) , which is especially useful for evergreen boreal forests, which maintain leaf cover all year round. Figure 8 shows the seasonal changes in canopy cover (percent canopy present of maximum LAI) for the model and MODIS data together with equivalent ground observations at the Harvard Forest site. There is a discrepancy between the model prediction and observed phenology at the start of the growing season, however this decreases rapidly with progressively better agreement further in the season. Furthermore, in autumn, where the MODIS data shows a sharper decline than the model prediction, the ground-based observations show a similar pattern to our model, indicating a certain ability of the model to correct for errors in satellite data in this particular case. Figure 9 shows mean seasonal cycles of model and MODIS LAI together with the start and end of growing season predicted by the model, data and ground-based observations at four flux sites. The observed start date of the growing season is generally earlier than the model by up to 8 days, while the MODIS start date is again later than the model by approximately 8 days. The observed difference can be caused by the different definitions of the growing season, as noted above. Whilst an actual observation of canopy development, as available at Harvard Forest, agrees well with our model, a start and end of season observation does not offer sufficient information to fully assess the fit. The observed discrepancy in start date is also consistent with the observed behaviour at the Harvard Forest site at the start of the season. Table 1 ). Error bars represent minimum and maximum yearly variation for the measurement period.
While such differences can cause errors in our prediction of primary production, as noted by Richardson et al. (2012) , the amount of carbon assimilated at the start of the growing season is very low compared to that assimilated at the peak of the season, where our model agrees well with both the MODIS and ground-based data.
One further complication of large-scale models such as ours and point observations of vegetation is landscape heterogeneity. Previous studies have introduced the concept of landscape phenology (Morisette et al., 2008) or green wave phenology (Schwartz, 1998) . The measured satellite LAI (or vegetation index) represents the vegetation behaviour for the entire grid cell, including all species both in the understory and overstory, often averaging across multiple vegetation types within the same biome. The general phenological behaviour at landscape scales is that species in the understory either leaf out early or keep leaves later in the autumn as an adaptation to their low light environment, as this maximises the amount of absorbed solar radiation, in the absence of leaves in the overstory (Richardson and OḰeefe, 2009) . A similar pattern is shown by seedlings compared to adult trees (Seiwa, 2000) . This would lead us to expect that the start date of the growing season predicted by our model is on average earlier than that observed in budburst dates for single species. We believe this is the main reason for the earlier start date, along with other early leafing species. The differences between landscape and single species phenology is even more pronounced in areas that include both deciduous and evergreen species, such as the high latitude boreal forests or high altitude mountain regions. Ground measurements in evergreen forests in the area show a higher LAI and less pronounced seasonal cycle than that observed in the MODIS LAI. This is the behaviour most commonly associated with coniferous evergreen species. However, the satellite observations also include the deciduous component, resulting in a seasonal cycle more similar to that of temperate forests. A similar problem is encountered in areas that include a mosaic of grasses and forests which result in a lower LAI than expected if the pixel is classified as forest, or a higher LAI if it is classified as grassland. These observed differences are due to measurements at a different spatial scale. Furthermore, carbon cycle models are often on large spatial scales which would make observations, and predictions of landscape phenology a suitable input. The model tends to predict the timing of 50 % canopy development 16 days earlier than the observed MODIS LAI (equivalent to 2 time steps), while the date of 75 % development has an error of only 8 days (1 time step). At the end of the growing season, the discrepancy is 16 days later for 50 % canopy lost and 24 days for 75 % lost. These thresholds are not necessarily an indication of the overall shape of the seasonal cycle, as can be seen in Fig. 9 and the overall assessment of the model fit must be done in conjunction with estimates of LAI mean and amplitude, as shown above. It must be noted that while for species level phenology such errors are very high, the timescales used for coarse resolution studies are often different, reflecting data availability and inter-species variation. Figure 10 shows the average length of the growing season for the 5 yr of the study period. We estimate that in tropical areas the length of the season covers the whole year, indicating that the trees are active throughout the year, whilst at higher latitudes the growing season is on average 225 days, decreasing with latitude ( Fig. 11b) . Figure 11a shows the variation in start and end date of the growing season for both forests and shrubs. The start date for forest pixels varies from day 68 at 30 • N to day 120 at 66 • N. The shrubs follow the same trend with generally later start days. The end day of the growing season varies from day 285 to day 341. Figure 12 shows environmental limitations to phenology calculated using the fitted model parameters (Sect. 3.5). The model shows that the Amazon Basin and parts of central Africa and South-East Asia are limited only by leaf ageing, indicating that the vegetation in these areas is wet tropical forest, not limited by seasonal water availability as previously discussed in Caldararu et al. (2012) . The drier subtropical areas around these forests are limited by a combination of water availability and leaf ageing. Only 48 % of pixels limited by water to any extent are dominantly limited by water, with the rest being dominantly limited by leaf age. The dominantly water limited regions are concentrated in eastern Africa, while regions in South America and South-East Asia are mostly driven by leaf ageing. There is a widely held assumption that the phenology of such forests is solely limited by water seasonality, but field studies have shown that leafing often occurs during the dry season and differs between species (Borchert, 1994; Reich and Borchert, 1982) , which points at a further limitation.
Phenological limiting factors
In contrast to the overwhelming effect of temperature assumed in most phenology models for the higher latitudes, according to our analysis vegetation in these regions is limited not only by temperature, but also light availability, and the deciduous forests in Europe and eastern US show some influences of leaf age, which agrees with field observations which show that autumn senescence has a fixed date (Keskitalo et al., 2005) . This result agrees with the hypothesis of Korner and Basler (2010) , who stipulate that the length of the growing season cannot increase indefinitely in response to higher temperatures because of other constraints such as day length.
The phenological limitation, some of the parameters will have little or no impact on the seasonal cycle. For example, in a highlatitude region that experiences periods of cold, but no seasonal drought, we would expect the parameters pertaining to water stress to be poorly constrained. This issue is reflected in the confidence intervals for each parameter (Fig. A4) . The two parameters used to calculate plant water extraction, s 1 and s 2 , are a measure of how much soil water is available for use by plants and reflect both the soil structure and root depth (Fig. A2) . The water demand and evapotranspiration parameters determine the extent to which carbon assimilation is affected by water availability. High water use implies a high sensitivity to available soil water, something that would lead to pronounced drought-driven phenology. However, as the estimated water use values in drought-deciduous regions are low, we can conclude that in such regions plants are generally well adapted to low water conditions and exhibit a water limited seasonal cycle not because of their high water sensitivity but because of the very low soil moisture during the dry season. Figure A3b shows the average age of the oldest leaf at any one point in time. This average leaf age is not a parameter of the model, but emerges when the model is simulated in a given region. As expected, leaves in tropical areas, which are age limited, have longer leaf lifespans, while leaves in temperate regions never have leaves older than 1 yr and mostly younger than 6 months (approximately equal to the growing season). We find that the leaf lifespan is not identical to the limit age parameter age crit , particularly in temperate forests, that are temperature and light limited, where the average age crit is 1.4 yr (Fig. S3a ) but leaves always drop at the end of the favourable season, making the effective leaf age equal to the growing season.
The four water related parameters are less well constrained over regions that are not impacted by water stress, while the age related parameters are less well constrained within temperate regions as their effects are not observed (Fig. A4) . The diffuse compensation point is better constrained in tropical forests where the combined seasonal cycles of the direct and diffuse PAR drive changes in LAI (Caldararu et al., 2012) .
Further information on plant traits would be needed to fully constrain all parameters at all locations.
Concluding remarks
We have shown that the model presented here, based on a carbon optimality hypothesis, is able to reproduce and predict phenology at global scales, as well as identify the climatic factors limiting leaf growth. We anticipate that our proposed phenology parametrisation can improve current phenology schemes used in global vegetation and earth system models. Our model contains variables and parameters commonly used in vegetation models, such as those related to carbon assimilation in the canopy and water limitation, so that the effective number of additional parameters would be greatly reduced if coupled with such a vegetation model and the central concept of carbon optimality can be incorporated into a more general carbon allocation scheme. As a process-based model, it can also be used for predicting future phenological behaviour under climate change scenarios. One interesting question to be answered is how the existing phenological limitations will change with climate. However, given that parameters for non-limiting environmental variables (e.g the soil moisture parameters in cold regions) are not well constrained, as explained above, it becomes apparent that the model in its current form cannot capture such regime shifts but can only predict changes in phenology in response to shifts in climate that do not alter the limiting factors, such as an increase in cloudiness in wet tropical regions or increases in temperature for temperate forests. To be able to predict more dramatic regime shifts the model would need information on plant behaviour which is not reflected in the existing data (e.g. drought response of cold temperate forests). There are two main approaches to solving this problem: using ground-based measurements of plant traits such as leaf thickness and leaf nitrogen content to inform parameter values or Bayesian statistical methods that combine information from grid cells in the same geographical region or of the same plant functional type to obtain more information on the unconstrained parameters. Both these approaches constitute directions for future work, which will lead to a better understanding of potential changes in phenology across the globe. In the meantime, the model as presented here represents only the beginnings of a more physiological approach to predicting future leaf phenology worldwide. 
Appendix A
Posterior parameter values and uncertainties
